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Abstract 
Our ability to capture large amounts of data that describes the interactions of learners becomes 
useful when we have a framework in which to make sense of the processes of learning in complex 
learning environments. Through the analysis of such data, we are able to understand what is 
happening in these networks, however, deciding which elements will be of most interest in a 
specific learning context, and how to process, visualize and analyse large amounts of data, requires 
the use of analytical tools that adequately support the phases of the research process. In this paper 
we discuss the selection, processing, visualization, and analysis of multiple elements of learning 
and learning environments, and the links between them. We discuss, using the cases of two learning 
environments, how structure affects the behaviour of learners and, in turn, how that behaviour has 
the potential to affect learning. This approach will allow us to suggest possible ways of improving 
future designs of learning environments. 
Introduction 
Learning analytics has focused on making sense of ‘big data’, data usually collected from learning 
management systems (e.g., Macfadyen & Dawson, 2010). The automatic extraction of data is then 
used for analysis at the course and student levels (e.g., Social Network Analysis; Haythornthwaite 
& de Laat, 2011). Often, learning analytics focuses on the aim of identifying high or low achieving 
students so that an intervention can be made effectively (e.g. Dawson, Macfadyen, & Lockyer, 
2009). However, this type of analysis does not address many of the needs of the designers of 
learning, in particular to understand how their designs will affect learners’ behaviour. We define 
‘educational design’ as “the set of practices involved in constructing representations of how people 
should be helped to learn in specific circumstances” (Goodyear & Retalis, 2010, p. 10). This 
includes the design of the tools, tasks and interactions associated with learning. The importance of 
this relationship between learning design and learning analytics (Lockyer & Dawson, 2011) has 
mainly focused on the design of courses, and analysis has focused on the macro-level, rather than 
identifying complex patterns of behaviour. We argue that the principles and applications of learning 
analytics can be expanded. We describe our experiences processing and visualising data in two 
complex learning environments. The first is an informal online learning environment used in Open 
University courses, open to anyone. The second is a small group of Masters students collaborating 
on a task. Throughout this article, the analytical relationship that we draw attention to is between 
the structure of a learning environment (virtual or physical - the ‘designable component’) and the 
learners’ behaviour. For each case study we discuss the selection of the elements, and information 
this provides about the learners. We then discuss ways to apply other learning analytics techniques 
to these case studies. 
Background Information 
Networked Learning 
Networked learning involves people collaborating with the help of technologies in a shared 
enterprise of knowledge creation. Our focus is on understanding how various elements in 
networked learning may promote, influence or otherwise affect learning within a variety of 
contexts. We explore the nature of the physical, digital and human elements within learning 
environments; what and how tools, texts and artifacts are produced and/or manipulated; and the 
types of tasks, rules and divisions of labor that become established within these contexts. By 
exploring these relationships, we can better apply learning analytic techniques to give us targeted 
information about the effects of designed components on learner’s behaviour, and potentially, to 
learning outcomes.  
Digital technology, as with other objects in the broader material world, is not neutral, and has ways 
of influencing human perception and action. Every material object has a series of physical 
properties such as size, flexibility, colour or temperature. Every designed object also embeds an 
intention of how form and function meet, and so, every designed object also carries values from, 
and choices made in, the design process. As a result, through their physical properties (some of 
which embody design intentions), every designed object in the material world can have effects on 
human perception and action (Ashwin, 1984; Krampen, 1989). Similarly, the complex objects that 
we label ‘digital technology’ also affect perception and action (Vogt, Kumrow & Kazlauskas, 2001; 
Nadin, 1988; Marcus, 2002). Unlike most material objects, digital objects have the capacity to 
change their properties which in turn can alter the manner in which they are perceived or influence 
action. For example, digital devices may allow for customisation of elements such as color, fonts, 
images or audio, and these in turn, are likely to have an effect on various perceptual modalities 
(e.g., vision, hearing, or touch). 
The links between physical properties, perception and action involve human processes such as 
thinking and interpretation that require varying degrees of conscious attention, mental effort or 
cognitive load (Kahneman, 2011). For example, activities such as reading and interpreting the 
‘terms and conditions’ in any given website, probably involves a higher cognitive load when 
compared to the activity of ‘clicking a button’ to accept those terms and conditions. A further layer 
of complication arises when it is acknowledged that many objects have their effects when they are 
placed in combination. And so, besides reading and interpreting the terms and conditions, one needs 
to link the action of ‘clicking the button’ to its inherent meaning, that is ‘acceptance of those terms 
and its related consequences’. Thus, only by analysing the architecture of networks of objects (the 
pattern of their relations) can we see how design intentions affect what people do, including what 
they learn. Research of this nature has implications for design work in education. 
Analytical Framework 
We have developed an analytical framework to identify and represent key elements of complex 
learning environments, which allows us to explore the nature of the physical, digital and human 
elements within learning environments; what and how tools, texts and artifacts are produced and/or 
manipulated; and the types of tasks, rules and divisions of labor that become established within a 
range of learning contexts (Carvalho & Goodyear, forthcoming). The framework establishes four 
analytical dimensions. Three of these reflect the major design components, which we label set 
design (the physical-digital ‘stage’ on which learning activity is situated; the tools, artifacts etc that 
come to hand); epistemic design (tasks proposed; knowledge implicated), and social design (such as 
roles, divisions of labor); and the final dimension, co-creation and co-configuration activities refers 
to the patterns that emerge through participation in the network, including how network participants 
re-arrange (co-create, co-configure) what is set in place.  
Conceptually, our analytical framework is informed by theoretical sources from a range of fields 
such as architecture, sociology, psychology, anthropology, linguistics, education, science and 
technology studies, visual studies, geography and more. In particular, we incorporate concepts from 
design (Alexander, et al., 1977; Cross, 2006); human-computer interaction (de Souza, 2005; 
Norman, 1990; 2005)); sociology of knowledge (Bernstein, 2000; Maton, 2000); semiotics 
(Krampen, 1989; Nadin, 1988); actor network theory (Fenwick & Edwards, 2010); activity theory 
(Kaptelinin & Nardi, 2006) and networked learning (Goodyear, 2000; Goodyear & Retalis, 2010). 
This analytical framework offers ways of identifying and representing key elements of complex 
learning environments. However, in order to gain a more nuanced understanding of the complexity 
of the processes of learning in networked learning environments, we also need to develop methods 
of analysis that incorporate multiple streams of data to describe multiple tool use, across multiple 
tasks.  
Learner Behaviour 
Many tools have been developed to visualise collected data. Working with our case study data, the 
aim is to reveal processes that can inform educational design and student learning processes 
(Ertmer, Parisio, & Wardak, in press). Existing research suggests that both time and the order of 
events must be considered, and that patterns of learning, interaction and collaboration change over 
time. Visualisations that bring into focus the order show the sequencing of different processes, 
whilst visualisations of time add further information concerning the duration of both activity and 
inactivity (Reimann, 2009; Thompson & Kelly, 2012). This kind of visualisation allows for 
identification of typologies of form and these typologies, in turn, help us theorize about key 
elements in the ‘architectures’ of productive networked learning. Such diagrams serve to guide the 
analysis and aid in the communication of processes identified within the data. 
The framework can be used to identify the key elements of the learning environment likely to 
influence learner behaviour. By applying this information we can explore how these elements may 
or may not affect learners and their learning processes. The analysis of complex learning 
environments requires a combination of methods of analysis, especially when such analysis 
involves the interpretation of large data sets, which may include data in a variety of formats (e.g., 
text, verbal, action). The use of diverse visualisations in the analytical process can help to reveal 
aspects of the data that may go otherwise un-noticed. As a result, new understandings may emerge, 
inspiring the formulation of new research questions.  
Learning Analytics 
Learning analytics is concerned with collecting data from learners’ actions, developing techniques 
to analyse this data, and making the results useful to practitioners (Long & Siemens, 2011). 
Increasingly with the growth of computing in education there are extremely large datasets (‘big 
data’) that are created in the course of learning that can be used for data mining and leveraging 
human knowledge (Siemens & Baker, 2012). For example, in higher education, students often 
conduct much of their learning, interaction and administration online. These online activities leave 
digital traces that can be collated and analysed to provide insight into the behaviours of users and 
for empirically informing the educational decision making process (Romero & Ventura, 2010).  
The focus of research that uses ‘big data’ has related to data mining and learning analytics 
(Mackenzie report). However, ‘big data’ can also include multiple streams of data related to smaller 
groups of students (see Thompson, Kennedy-Clark, Markauskaite, & Southavilay, 2011). Installing 
and activating recording devices (e.g., video, audio or other data logging systems) is relatively 
simple, however, the synchronisation, storage and management of the captured data has not yet 
reached the same level of simplicity. Recommendations from studies employing multiple data 
streams are careful system design, consideration of data transfer, automating the processes as much 
as possible, and to keep excellent records of both the data and the systems (Kawaguchi, Matsubara, 
Taked & Itakura, 2002). 
Short episodes of collaborative work can rapidly create hundreds of gigabytes of data. The 
numerous, multi-dimensional data sets need to be synchronised and presented to the researcher. The 
researcher needs to see the big picture and to gain an overview of how the individual data elements 
interact and relate. This process needs to be broken down into specific steps. We consider students’ 
use of the space as important as what they say and the artifacts they create. It is necessary to 
understand the amount of data that needs to be transferred, the time it will take, and the best way to 
automate the process as well as ensuring that the location of the data is tracked at all times. The 
large amount of raw data is significantly increased by any security and back-up precautions. 
Computer data in a recorder-formatted ‘raw’ state is useful for digital manipulation and 
programming but not particularly useful for a researcher who is focused on the activity. We 
developed a system that allows the researcher to switch between video channels at will and in real 
time. The user is able to swap between video channels, in any order, as interactions come into their 
focus. In addition, the researcher can switch on and off the audio channels, so that individual 
conversations can be the focus.  
Often when analysing data we are concerned with a transition from a set of raw data to discovery 
and communication of patterns within this data. It is useful to identify three types of processing that 
can be applied as manual (entirely human directed), semi-automated (use of computational routines 
using human involvement) and automated (computational algorithms). The outcome from all is to 
move from the irregularities of pre-processed data to a representation within which patterns can 
more readily be found. Analysis is the process of finding these patterns, and can use both human 
faculties (often assisted by the representations available) and statistical methods. Often the two are 
used to inform each other. Finally, the patterns themselves are represented in some way for 
communication (Figure 1).  
 
Figure 1: Discovery of patterns within data 
The focus in both cases discussed below is on the demonstration of expertise in individual learners 
as an indicator of successful collaboration. The first case study is an informal networked learning 
environment: iSpot. In order to examine the four elements of the framework, we have analysed 
screen shots of the website using concepts from semiotics and design. We align our analysis with 
research previously reported (Clow & Makriyannis, 2011), examining the behaviour of learners 
from a learning analytics perspective. The second case study reports the analysis of a group of four 
Masters students working on a collaborative task. We analyse video data and transcripts of three 
face-to-face meetings, to identify indicators of expertise in terms of the set and social elements of 
the framework. By describing these two cases, we demonstrate the ways in which the framework 
can be used to provide a context to the learning analytics techniques applied to the ‘big data’ 
collected. We then discuss the data available in the context of the manual and automated processing 
of data outlined in Figure 1, and identify ways in which learning analytics techniques could be 
further applied. 
Case Study 1: iSpot 
iSpot is a United Kingdom based learning network developed by the Open University (The Open 
University, 2012). Although iSpot has been used as part of a unit of study offered at the Learning 
Space (a centre within the Open University (OU)), the environment can also be accessed 
independently by anyone interested in learning and sharing observations about nature. iSpot 
provides a digital space to explore and learn about wildlife, and share interests with a like-minded 
community. The main purpose of iSpot is to help people identify something they have seen in 
nature, such as invertebrates, birds, fish, fungi, mammals or plants. People of all ages participate in 
the network, amateurs and experts, individuals involved in the OU unit of study and those who are 
not. Practically, participation starts when members add an ‘observation’, which is done via the 
publishing of personal photographs of natural objects, such as animals, insects, or plants. Other 
members can then respond to the initial post, which is done by completing a form and uploading an 
‘identification’ to the existing ‘observation’. For example, a photograph of a particular species of 
butterfly is uploaded and members can then discuss the details, features, etc., leading to the 
classification and appropriate identification of the species name. Members may also participate in a 
discussion forum, to discuss observations as well as other more general topics. 
The founders of iSpot have analysed the activity in the environment, in particular, aspects of the 
reputation system (Clow & Makriyannis, 2011). Analysis of the scores (linked to the reputation 
system) showed that most members earn a single icon, and increasingly fewer members earn more 
than that. There were differences identified in the dynamics of the score between those who had 
received their reputation from experts, and those who had received it from other non-experts. This 
is seen to be an indicator of successful collaboration in the network, as the impact of known experts 
on the distribution of reputation is increasing. 
We focus our discussion on the design adopted to make visible a member’s overall level of 
expertise. Figure 2 illustrates how levels of expertise are visualized with the presence of icons 
located beside a member’s profile name. The icons are customized to achieved status and the 
specific field of expertise. For example, two plant icons are indicative of a members’ level of 
expertise in plants, while other symbols communicate different significations. 
 
Figure 2: Examples of icons identified in the iSpot Learning Network 
The data collected and analysed was comprised of screenshots of the environment, featuring the 
design elements we were interested in – the butterfly icons in iSpot (Figure 2). The analysis of 
design elements was underpinned by concepts from semiotics and design. Nadin (1988) refers to 
design principles as being semiotic by nature considering that: 
”to design means to structure a system of signs in such a way as to make 
possible the achievement of human goals: communication (as a form of social 
interaction), engineering (as a form of applied technical rationality), business 
(as a form of shared efficiency), architecture, art, education, etc’ (p. 269). 
We were interested in key design elements likely to affect learners’ behaviour. The design elements 
on the screen can be considered as ‘signs’, which under a semiotics perspective, are elements used 
for representation, communication, and to fulfil communication functions (Nadin, 1988). In 
semiotics a ‘sign’ is a unity between a ‘signifier’ (the actual representation such as in the form of 
words or shapes) and the ‘signified’ (what the sign is supposed to mean) (Nadin, 1988; Ashwin, 
1984). A ‘sign’ embodies and communicates ‘a message’, which is embedded in a ‘medium’ (in this 
case the butterfly icons) and its existence relies on a socially agreed upon set of conventions 
(codes).  
Our analysis confirms that these icons represent a key design element within this learning network. 
Each icon encodes specific meanings, which influence the types of experiences learners will 
encounter within the learning context. As noted in our analogy, these icons are like props on a stage 
– once the actor (or the audience member) has internalised their meaning, activity is influenced by 
the icon/prop in an undemanding way. The icons carry multiple significations, and so may be used 
by learners as clues to determine the topic in discussion (e.g., the butterfly picture signifies that the 
topic is invertebrates), to identify whether the interlocutor has expertise in a specific field of interest 
(a butterfly next to someone’s ID signifies that this person is a ‘knower’ of the invertebrate group), 
and to visualise levels of expertise (the number of butterflies next to someone’s ID signifies how 
knowledgeable this person is). The meanings attached to these icons are likely to have broader 
effects on activity in the learning network. The presence or absence of icons may influence 
learners’ interpretation of the knowledge presented, adding more or less credibility to the 
information that a learner reads. Each icon condenses symbolic meanings in terms of both 
knowledge and social status, and so these icons help display, for each statement, a specific level of 
expertise and credibility. They reflect the status of each given actor, and point to the use of a 
hierarchical knowledge structure within the learning network. Each icon reveals where in this 
hierarchical structure a particular person stands.  
The iSpot learning network employs a reward system, based on this hierarchical structure, to 
stimulate participation. Each ‘identification’ posted is self-graded: that is, once a new statement is 
made, the member who is posting grades how sure they are of the statement. Other members can 
then contribute to that ‘identification’ by agreeing or disagreeing, which in turn affects their own 
profiles, increasing their own ‘credibility’. Members gain ‘points’ for making observations and 
posting comments in the forums and the more points they get, the more icons they will have next to 
their profile name. The ‘knowledge’ status of a member is rewarded through their activities within 
the network, and the degree of activities will affect their ‘reputation’, represented and 
communicated to learners through the display of icons. 
Complex learning environments require analytical tools to help us understand how design elements 
may influence or shape learning within a particular context. Our framework offers the lens through 
which we can analyse these relationships. This case study illustrates how a design feature, an icon 
situated beside a members’ profile, is not only a design element placed in the stage (set design) but 
in fact encodes a number of underlying meanings, which ultimately reflect a particular way of 
structuring knowledge (epistemic design) and roles (social design) within the learning network. 
Case Study 2: face-to-face collaboration 
Our second case study involves technology enhanced collaboration. The aim is to identify 
indicators of expertise used in a face-to-face learning environment, adapting learning analytics 
techniques to do so. Masters students were given a task as represented in Figure 3, to be completed 
over five week period. While most groups collaborated solely in an online environment,  one group 
(the focus of this case) also met face-to-face. The group consisted of four students (Damien, Eileen, 
Gabrielle and Lavina, pseudonyms). The students met online (Skype) four times, and face-to-face 
three times (these were recorded, as well as their work in google docs). Only the face-to-face 
meetings will be used for this analysis. Meetings lasted between 40 minutes and two hours. The 
students’ grades in this group were comparable to the rest of the class for the individual 
components. However, this group received the highest grade in the class for the collaborative 
component, which led us to identify the collaboration in this group as successful. 
 
Figure 4: Assignment brief  
We used the framework to guide our investigation of this data. In our analogy with theatre and the 
performing arts, the dimension of set design includes both the physical and digital spaces available 
to the learners. The physical environment (Figure 4) in which the students collaborated contained 
three whiteboards (fixed tools), two of which could be projected onto from computers connected to 
wireless keyboards and mouses (mobile tools). The furniture could be moved to suit the users of the 
room. The digital space is also represented via the online environments and software that students 
could access. The second dimension (epistemic design) includes the tasks proposed and the 
structuring of knowledge, in this case the assignment brief students had to guide their activities 
(Figure 3). The third dimension (social design) refers to the actors and their roles, what they are 
expected to do and say. The task required students to assemble in groups of four to discuss and 
work collaboratively to produce educational design patterns and a pattern language (Figure 3). In 
the fourth dimension we examine the co-creation and co-configuration activities. We use learning 
analytics techniques (e.g. automated discourse analysis), as a proof of concept, to examine the way 
in which learners use, and adapt, the set (the tools), interpret the script (the assignment brief) and 
design their own roles. In particular, we looked for identifiable design elements of the set that 
indicated division of roles in the group and communicated levels of expertise. In face-to-face 
groups, without scaffolding, these are often implicit factors, but importantly, may indicate 
successful progress of a group towards the completion of the task.  
 
Figure 4: Collaborative group work in Session 1 
A corpus of student utterances available in a transcript from the audio files was used for the 
analysis. Words were selected from the assignment brief as indicators that students were referring 
back to the core task requirement1. A count of the uses of these words by each actor within each 
session served as a guide to who was making references to the assignment brief (Scott & Tribble, 
2006)2. We also identified words that occurred specifically in the final assignment submitted by the 
students3. This method of content analysis by selecting and counting words, whilst limited due to its 
decontextualisation of words (Billig, 1988), has been used in the social sciences to extract word 
frequency for analysis (Chung & Pennebaker, 2012; Hart, 2001; Pennebaker & Francis, 1996). This 
frequency, changing over time, was used as an indication of progress towards the final product of 
the students’ work. 
                                                       
1 exemplar, rationale, pattern, group, language. 
2 Other, statistical based techniques of parts of speech tagging and singular vector decomposition are also appropriate 
for this type of analysis and were applied to the data for publication at a later date. 
3 multimedia, collaborative, design, unit, environment, tasks, resources, supports, assessment, reflections (based on the 
names of the educational design patterns created). 
 
Figure 5: Keywords from the assignment brief and final assignment, for each learner, in each 
session 
All students discussed the keywords identified in the assignment brief (Figure 5). In Session 1, 
Gabrielle used these words most often, with the remaining students using them in similar amounts. 
In Session 2, Gabrielle used few of these keywords, Damien and Lavina were the highest users. In 
Session 3, it was Eileen who used these words the most. When the keywords from the final 
assignment are examined, we can see that they were not discussed in the first session. In the second 
session, Lavina used these words the most, while other students used few of them. In Session 3, 
Damien mentioned these words the most, with Lavina and Eileen both using them a smaller number 
of times, and Gabrielle the least. 
These represent aspects of the epistemic design (the task) and co-creation activities, what was 
envisioned for the students and what they produced. By using indicators of one aspect of the 
epistemic design we were able to track students’ reference to it as they progressed through their 
collaboration. The roles of the learners (the social design) changed during the weeks in which the 
collaboration occurred, with all students sharing the role of relating their final (individual) 
contributions to the original epistemic design. In contrast, only two of the students took on the role 
of discussing all aspects of the final product.  
We coded the video data according to tool use and object of attention for each second, for minutes 
1-15 of the first session, and 25-40 of the third session. The first excerpt was the first face-to-face 
meeting for these students, and their first experience in the space provided for the activity. They 
began to interpret the assignment instructions, and tried to make the initial decisions necessary to 
move forward in this work, while physically moving around the room. In the second excerpt, they 
had met numerous times face-to-face and online. They had produced drafts of their individual 
contributions, and were working towards fitting these together to produce the collaborative 
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Assignment brief       Final Assignment 
component of the assignment. They used a variety of tools, both physical and digital, and remained 
relatively stationery. 
Students had access to a number of tools in order to add to the collaborative element of their group 
work. Control of the tool, and the attention of the group in combination are taken to be indicative of 
roles of the students (social design) enacted through the props (set design), and in doing so, the 
learners co-configured and co-created their activity. 
Tool interaction Object of attention 
(a) Minutes 0-15, Session 1 
Tool interaction Object of attention 
(b) Minutes 25-40, Session 3 
Figure 6: Tool interaction and object of attention for excerpts from Sessions 1 and 3. 
Figure 6 shows the learners’ interactions with the tools and the objects of attention in excerpts from 
Sessions 1 and 3. The first three sections of each are the three fixed tools available to students (the 
whiteboards). The next are mobile tools: pen and paper, whiteboard marker, wireless keyboard, 
wireless mouse and personal laptop. Each student is represented by a position within each section, 
the order is Damien, Eileen, Gabrielle, and Lavina.  
If the tool use in Figure 6a is examined, we can see that mobile tools were used as individual tools, 
each by just one person. The laptop was used by Gabrielle, and the pen and paper were used by 
Eileen, Lavina and Damien. At each time these tools were used by the students, only that student 
who was using the tool, was focused on the tool. Gabrielle used the laptop, and Gabrielle was the 
only student whose object of attention was the laptop. A computer screen projected onto the 
whiteboard attracted the attention of the students, was controlled by the keyboard and mouse. The 
keyboard and mouse were controlled by Damien. There are times when all four students are focused 
on this whiteboard. However, the mobile tools (wireless keyboard and mouse, pen and paper, 
laptop) do not attract the same type of group attention. Most of the time, the learners were focused 
on different objects, as identified by the direction of their gaze. 
By minute 25 of the third session, the attention was more focused, with all group members focusing 
(mainly) on one of two objects – a whiteboard or the laptop. Damien took control of the whiteboard 
marker and was the only learner to write on this whiteboard. A computer screen was also projected 
onto this whiteboard, and the projected screen was controlled by a mobile keyboard and mouse. In 
this excerpt, Eileen and Gabrielle share control of these mobile tools. In fact, they used them for 
different purposes (Eileen added to the shared GoogleDocs document, and Gabrielle demonstrated 
the use of a tool to recreate the ideas drawn on the whiteboard). In this excerpt, the group does 
focus on a mobile tool, the laptop, and as such it becomes a shared object, with all gathering around 
to view what Gabrielle shared. 
It was our aim to investigate whether tool use would be indicative of recognised expertise, as it had 
been in the first case study. It appears from the attention given to the tools that this did develop in 
this group over time. One member, Lavina, did not use the tools in the room, however she was 
identified initially as being the person in Session 2 influential in the final product. We examined the 
focus of attention of the people in the group in the two excerpts discussed above.  
 
Figure 7: number of seconds spent as the object of other members’ attention 
Figure 7 shows that in the first session, Eileen and Lavina were the focus of other team members’ 
attention. Neither were in control the tools that drew the focus of attention (whiteboard, wireless 
keyboard, wireless mouse), and so we assume that this is indicative of the verbal contribution they 
made. In the third session, Damien and Lavina were the most viewed. Damien had ‘control’ of what 
was written on the whiteboard, while Lavina did not use a tool. We assume, again, that this focus is 
due to verbal contributions. Damien most probably drew attention due to his verbal contributions as 
well as his interaction with the tools.  
This analysis allowed us to identify indicators of roles and expertise. Damien’s role was to fit 
together the contributions of all students, and Gabrielle’s to translate this into the particular tool 
chosen for representation. Eileen’s role was to relate the final artifact back to the original task 
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outline and manage GoogleDocs, which contained the final submitted assignment. Lavina’s role 
was to influence all these areas, when she spoke, the group paid attention. By using the framework 
to direct the focus of the analysis, we were able to add depth to our understanding of the co-creation 
and co-configuration activities during a successful collaboration. We added structure and specific 
purpose to techniques generally used for broader purposes. We were able to identify organically 
distributed roles, and expertise within these, for all members of the group, which would otherwise 
have gone un-noticed.  
Discussion 
In the two case studies that we present here, notions from learning analytics are applied. The iSpot 
case study makes use of the data available from a community website to analyse the effects of a 
design feature of the learning environment, namely the role of the icons (set) in communicating 
expertise, and the way in which this changes over time. The second case study of face-to-face 
learning uses both physical and verbal data from interaction to analyse learning processes. In both 
cases there is a set of data that demonstrates how to apply analytics techniques. Many techniques 
are applicable and it is through the application of analysis within a framework to answer a question 
that specific methods are selected. 
Table 1: Examples of data types and processing, analysis and representation from the case studies 
Type Name Examples from the case studies
iSpot Small group collaboration 
Data types Verbal Discussion on online forums.
Discussion in making 
observations. 
Transcriptions of group talking.
Chat during online group. 
Action Data on the actions made by 
users of the website, such as 
individual clicks, uploads of 
observations and use of the 
keys. 
Physical movements of students in 
the room, e.g. moving from the table 
to the wall or gesturing to other 
group members; Computational 
actions, e.g. bringing up a document 
for reference. 
External Other information accessed 
during use of the website (e.g. 
links to and from the site). 
The content of the resources used by 
the groups; e.g. the assignment 
website content. 
Artifacts Uploaded photographs from the 
users to the web site and 
photograph location.  
The content of the work produced 
by the group; e.g. the design 
patterns and the stage of 
development at different points in 
time. 
Processing Manual Application of a protocol to the 
data. E.g. manual coding of 
forum data to establish 
decision-making 
Application of a protocol to the 
data. E.g. manual coding of video 
data to establish actions. 
Semi-
automated 
Combination of an identifying 
algorithm with human 
involvement, e.g. manual 
identification of important 
concepts combined with a word 
count to determine the 
Combination of an identifying 
algorithm with human involvement, 
e.g. concept identification and SNA. 
importance of users of the site
 Automated 
 
Use a Parts of Soeech (PoS) 
tagger combined with SNA to 
automatically determine 
important concepts and then 
use of these in a word count to 
determine the importance of 
users of that site  
Another example is a PoS tagger 
combined with SNA or Singular 
Vector Decomposition combined 
with same 
Pattern-finding Manual with a 
visualisation 
Representations that function as 
a ‘view-finder’ for possible 
patterns in the data. For 
example, manually finding 
patterns in a visualisation of the 
social connections between 
users in the iSpot case study 
might reveal clustering of users 
based upon animal types or 
locations. 
A graph of participant actions over 
time is useful for an overview for 
patterns that are potentially 
changing as the design process 
progresses. Finding patterns in the 
visualisation can be further 
informed by statistical pattern 
finding. 
Statistical Statistics-based representations 
of the data that aid the 
discovery of patterns. To 
continue the example above, 
certain metrics within social 
graphs such as segmentation 
within the network, and the 
centrality of specific users. 
Examples appropriate to the small 
group study are process mining over 
coded verbal utterances, through 
techniques such as heuristics mining 
and Markov modelling. 
Representation Visualisations Visual representations to 
communicate the results of 
learning analytics, such as an 
infographic designed to 
communicate the different 
cliques and their function in the 
community 
Figure 7 shows a graph, an example 
of the kind of representation to 
convey results of analysis. Another 
example might be a map showing 
movement between the four room 
quadrants over time. 
Textual Textual representations (e.g. 
tables of statistics, thick 
descriptions) to communicate 
the results of learning analytics. 
For example, a verbal 
description of the community 
based on the analysis 
An example might be a verbal 
description of the design activity 
supported by a statistical table of the 
results of coding-and-counting. 
Table 1 shows a number of options for further application of learning analytics techniques. In the 
iSpot case study, the raw data able to be gathered is typical of many websites, with learners posting 
to forums and interacting to determine observations. If we were to approach this data from the 
perspective of how the introduction of expertise affects the behaviour of users, we can compare 
high and low expertise users. A way to do this is to develop a measure of the quality of their 
contributions to observe how this measure correlates this with the design feature’s representation of 
quality (where this measure may be defined in several ways, e.g. by a social feature such as utility 
to the community based upon numbers of views or replies; or by manual qualitative coding). We 
could also examine the way that high expertise learners developed this expertise over time, with 
regard to frequency of usage (this suggests an automated, statistical approach). Social network 
analysis can be used to see how the expertise (according to the design feature) relates to the 
importance (according to centrality within the social network) of the user (also suggested by Clow 
& Makriyannis, 2011). In this way analytics can serve to determine calibration of the design feature 
and give the researchers confidence in its application in addition to discovering how the addition of 
this feature has changed the behaviours of users.  
In the small group case study, future research will use more advanced learning analytics techniques 
within this framework. Understanding the functioning of a face-to-face group without scaffolding 
suggests two different types of inquiry. The first is to continue the work described by using verbal 
interactions as a guide. Automated techniques can be used to determine which concepts within the 
verbal transcripts are important in order to augment the existing work with pre-selected concepts. 
We can use these concepts to determine who is using these important concepts and when they are 
using them within the progression of the collaboration. For the latter, the visualisations of this data 
are of assistance in analysis. To understand the way that the actors and the set work together during 
collaboration we can create time-slice visualisations at a level of abstraction above the raw data. For 
example, charts showing density of physical activity, density of verbal activity and density of 
design progression. This style of analysis aids in using these different streams of data to discover 
connections that can be further analysed by statistical techniques and for informing further research 
design. 
Conclusion 
In the examination of these case studies, it is apparent that learners can be influenced by the 
structure of an environment, as they acquire it and make sense of it themselves. The framework 
helps us identify and theorize how specific design elements may influence learning and we use this 
as the basis for our future research. We are then able to formulate research questions that focus on 
specific aspects of learning and we employ learning analytics techniques to answer these questions. 
Much of the work that uses learning analytics has addressed macro questions. We found that the use 
of the framework to examine these relationships allowed us to apply learning analytics techniques 
in a more fine-grained way. In so doing, the impacts of design decisions on the behaviour of 
learners can be assessed, and informed re-design work can take place.  
The field of learning analytics faces the challenge of making sense of the complex data sets we are 
now able to collect. This means that asking the right question, selecting elements of the 
environment to examine, processing, visualizing and analysing the data become the challenges for 
researchers. Understanding the relationship between the design of a learning environment, and the 
behaviour and learning that occur, may enable the design of more effective learning environments. 
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